The extensive use of social media platforms and overwhelming amounts of imagery data creates unique opportunities for 4 sensing, gathering and sharing information about events. One of its potential applications is to leverage crowdsourced social media 5 images to create a tapestry scene for scene analysis of designated locations and time intervals. The existing attempts however ignore 6 the temporal-semantic relevance and spatio-temporal evolution of the images and direction-oriented scene reconstruction. We propose 7 a novel social-sensor cloud (SocSen) service composition approach to form tapestry scenes for scene analysis. The novelty lies in 8 utilising images and image meta-information to bypass expensive traditional image processing techniques to reconstruct scenes. 9 Metadata, such as geolocation, time, and angle of view of an image are modelled as non-functional attributes of a SocSen service. Our 10 major contribution lies on proposing a context and direction-aware spatio-temporal clustering and recommendation approach for 11 selecting a set of temporally and semantically similar services to compose the best available SocSen services. Analytical results based 12 on real datasets are presented to demonstrate the performance of the proposed approach. Q1 13
The rest of the paper is structured as follow. Section 2 140 reviews the related background work. Section 3 describes 141 the motivating scenario. Section 4 formally defines the Soc- 142 Sen service. Section 5 explains the SocSen service composi- 143 tion approach for a tapestry scene. Section 6 describes the 144 evaluation of the proposed approach. Section 7 concludes 145 the proposed work. 146 2 RELATED WORK 147 Our SocSen service selection and composition approach is 148 built upon existing work in scene analysis, social-sensing, 149 sensing-as-a-service, and service selection and composition. 150 -Scene analysis and tracking are active research areas for the 151 development of robust surveillance and monitoring systems 152 [9], [10] , [25] . Event monitoring or scene analysis through [34] and so on [11] , [12] . Abnormal topics, individuals and 174 events within various social media data sources for visual 175 analysis are examined in [24] , [32] . Another study proposes 176 an approach towards multi-scale event detection using 177 social media data. It takes into account different temporal 178 and spatial scales of events in the data [9] . A location-based 179 event detection approach using locality-sensitive hashing is 180 proposed in [10] . This approach is used to detect realÀ-181 world events by clustering micro-blogs with high similari-182 ties. Researchers also proposed a framework to detect 183 composite social events over streams using a graphical 184 model called location-time constrained topic (LTT) [26] . 185 This framework fully exploits the information about social 186 data over multiple dimensions. Most of these approaches 187 are data-centric, built upon data mining and analysis techni- complexities. Thus, using SOA and social-sensors for scene 196 analysis is believed to be more efficient than using image 197 processing over the batch of images to build the scene.
-Crowdsourcing and sensing-as-a-service are large-scale 199 sensing paradigms based on the power of IoT devices, 200 including mobile phones, smart vehicles, wearable devices, 201 and so on [15] , [18] . Crowdsourcing allows the increasing 202 number of mobile phone users to share local knowledge 203 (e.g., local information, ambient context, noise level, and traf-204 fic conditions) acquired by their sensor-enhanced devices. 205 The information can be further aggregated in the cloud for 206 large-scale sensing and community intelligence mining [12] . 207 The mobility of large-scale mobile users makes sensing-as-208 a-service a versatile platform that can often replace static 209 sensing infrastructures [15] , [30] . A broad range of applica-210 tions is thus enabled, including traffic planning [6], environ-211 ment monitoring and public safety [25] , [33] , mobile social 212 recommendation [24] , and so on. From the AI perspective, 213 sensing-as-a-service is founded on a distributed problem- 214 solving model [27] . 215 -Service selection and composition are the major research 216 problems in service-oriented computing [8] , [17] . Service 217 selection and composition have been applied in many 218 domains, including scene analysis and visual surveillance 219 [5], [28] . The service composition problem can be categorised 220 into two areas. The first area focuses on the functional com-221 posability among component services. The second area aims 222 to perform service composition based on non-functional 223 attributes (QoS). In [29] , service composition from media 224 service perspective has been discussed. In [35] , service sky- find the behaviour leading to the accident and the vehicles or peo-253 ple involved. 254 We propose to leverage these social media images to recon-255 struct the desired scene that narrates the complete story for the to assess the context-specific textual similarity. For example, 317 the dictionary includes the example behaviours like racing, 318 burnout and tailgating for a query related to erratic driving. 319 In addition, the dictionary also includes behaviour syno-320 nyms, e.g., reckless and careless. We assess and select serv- 321 ices according to such spatio-temporal and contextual 322 relationships. 323 As shown in Fig. 2 , at time t À1 , i.e., 13:20, two images (i.e., The contextual information includes a textual description of an 373 image specifying information related to a scene captured, e.g., 374 objects, places, and actions captured in the image. Serv_id is a unique ID of the service. 391 SocSenCl_id is the cloud ID where the service locates. 392 F is a set of functional attributes. 393 nF is a set of non-functional attributes. Visible distance VisD is the maximum coverage distance. 434 Direction dir is the orientation angle. 435 Angle a is the angular extent of the scene covered. ommender is defining similarity metrics to compare services. 510 The service comparison strategy is based on the meta-data and 511 semantic annotations of the images. mostly subjective and based on people's personal experience. 596 We assume that data provided by the social-sensor cloud is 597 more trustworthy than the description provided by the serv- We compute a keyword score indicating how likely a 649 keyword matches the query words, as shown in Table 2 . 650 The score indicates how contextually similar the cluster key- The distance between the services, e.g., the shortest 820 distance between the two services. 821 Let Serv 1 and Serv 2 be two service. ffi Serv 2 :Cov ða;dirÞ Þ, i.e., similar in coverage. 835 The pictorial representation of the spatial composability 836 relation is shown in Table 3 . Where, Overlap T ðServ 1 ; Serv 2 Þ ¼ 1 is considered as the 852 maximum acceptable temporal overlap for the temporal 853 composability. 854 Spatial composability (i.e., Composability S ) between the 855 services is a qualitative relationship. We assess the compos-856 ability using the spatial overlap (i.e., Overlap S ), positioning 857 distance and direction of the services. Spatial overlap helps 858 to assess the coverage overlap of the service high. Therefore, a trade-off is needed. 991 We assess the effect of different values of d on the relevance 992 of services within service clusters for all the seven queries. As 993 an example, we present the results of two different queries. 994 The first query has an initial area of 100 m 2 in the city centre ( 995 Table 7 -Query 1). The second query has an initial area of 996 250 m 2 in the suburban area (Table 7 -Query 7) . 997 We test 6 different values of d. We select three clusters 998 closest to the central point of the query for each d. We assess 999 the relevance of the services in each cluster to the query. 1000 The results depict that d impacts differently for the different 1001 types of spatial areas (Tables 4 and 5 ). In the first query 1002 ( 5  2  3  2  10  3  4  2  15  5  4  2  20  5  4  2  25  5  4  2  30 5 5 3 The result depicts that the proposed approach shows sig-1139 nificantly better performance than GCV, KAZE and SIFT. We (Table 9 ). Therefore, it is concluded that the pro- indicates that the proposed approach produces higher accu-1177 racy in the composition. The result (Fig. 10) shows the 1178 impact of the BR on the accuracy and relevance of service We conduct a real-world user survey to analyze users' per-1225 ception of the performance of the proposed approach. 1226 We use MTurks 3 to generate an online survey. This survey 1227 is to assess which candidate approach provides the best 1228 visual summary for the seven event queries (Table 7) . For 1229 all the queries we get the resultant visual summary from 1230 the five candidate approaches 1) SIFT, 2) KAZE, 3) GCV, 4) 1231 the selection approach, and 5) the proposed approach. The 1232 resultant output from these five approaches is evaluated by 1233 1,100 MTurk users. 1234 The result (Table 10) ICDE, VLDB, and EDBT). He was the recipient of several federally competi-1408 tive Grants in Australia (e.g., ARC) and the US (e.g., NSF, NIH). He is a dis-1409 tinguished scientist of the ACM. please visit our Digital Library at www.computer.org/csdl.
Functional Attributes of an Atomic
Dist s ðServ 1 ; Serv 1 Þ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ðx 1 À x 2 Þ 2 þ ðy 1 À y 2 Þ 2 q (1) 574 574 575 Dist t ðServ 1 ; Serv 1 Þ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi ðt 1 À t 2 Þ 2 þ ðt 1 À t 2 Þ 2 q :(2)Composability S ðServ 1 ; Serv 2 Þ ¼ 1 if 0 < Dist t ðServ 1 ;Serv 1 Þ D 1Ô verlap dir !ðServ1; Serv 2 Þ < # o ¼ 0 if Overlap S ðServ 1 ; Serv 2 Þ ¼ 0D ist t ðServ 1 ; Serv 1 Þ ¼ 0Ô verlap dir !ðServ1; Serv 2 Þ ¼ 0 o 8 > > >
